Pyrite is the most common sulphide in a wide range of ore deposits and well known to host numerous trace elements, with implications for recovery of valuable metals and for generation of clean concentrates. Trace element signatures of pyrite are also widely used to understand ore-forming processes. Pyrite is an important component of the Olympic Dam Cu-U-Au-Ag orebody, South Australia. Using a multivariate statistical approach applied to a large trace element dataset derived from analysis of random pyrite grains, trace element signatures in Olympic Dam pyrite are assessed. Pyrite is characterised by: (i) a Ag-Bi-Pb signature predicting inclusions of tellurides (as PC1); and (ii) highly variable Co-Ni ratios likely representing an oscillatory zonation pattern in pyrite (as PC2). Pyrite is a major host for As, Co and probably also Ni. These three elements do not correlate well at the grain-scale, indicating high variability in zonation patterns. Arsenic is not, however, a good predictor for invisible Au at Olympic Dam. Most pyrites contain only negligible Au, suggesting that invisible gold in pyrite is not commonplace within the deposit. A minority of pyrite grains analysed do, however, contain Au which correlates with Ag, Bi and Te. The results are interpreted to reflect not only primary patterns but also the effects of multi-stage overprinting, including cycles of partial replacement and recrystallisation. The latter may have caused element release from the pyrite lattice and entrapment as mineral inclusions, as widely observed for other ore and gangue minerals within the deposit. Results also show the critical impact on predictive interpretations made from statistical analysis of large datasets containing a large percentage of left-censored values (i.e., those falling below the minimum limits of detection). The treatment of such values in large datasets is critical as the number of these values impacts on the cluster results. Trimming of datasets to eliminate artefacts introduced by left-censored data should be performed with caution lest bias be unintentionally introduced. The practice may, however, reveal meaningful correlations that might be diluted using the complete dataset.
Introduction
Pyrite (FeS 2 ) is by far the most common sulphide mineral on Earth [1] . It is stable in geological environments ranging from low to high temperatures and at a wide range of pressures (e.g., [2] ). Pyrite is also a robust, refractory mineral that can readily record successive stages of growth, which are expressed both by preserved textures and trace element signatures. Natural pyrite commonly incorporates a wide range of elements within its structure, notably As, Co and Ni, whereas several others, such as Cu, Tl and Ag, are more rarely reported at concentrations ranging from sub-ppm levels to as much as several wt.%. Interest in the trace element content of pyrite goes back to the 1940s [3] [4] [5] , pre-dating electron probe microanalysis or other newer methods of trace element analysis with sensitivities in the ppm range, including laser ablation inductively coupled plasma mass spectrometry (LA-ICP-MS). Such chemically 'impure' pyrites may display subtly different physical properties (e.g., [6] ) and elevated trace element contents may also impact on pyrite behaviour during mineral processing (e.g., [7] ).
Trace element signatures in pyrite are used in ore deposit studies to constrain ore genesis, making pyrite one of the most studied minerals. Such signatures are used as tools to distinguish pyrite with different origins, to interpret fluid evolution, and to track the physicochemical conditions of hydrothermal mineral systems (e.g., [8] [9] [10] [11] [12] [13] , and many others).
Due to its relative abundance-commonly the dominant sulphide in many types of base and precious metal ores-pyrite is also an important, and in some cases the dominant host for several elements of economic importance, notably gold [14, 15] . Pyrite can, however, also host a range of elements that are deleterious to processing, or which carry significance from an environmental perspective. Release of elements like Hg, or particularly Tl, [16] [17] [18] from pyrite can have major ramifications for environmental management around mine sites.
Advances in multi-element trace element analysis, particularly by LA-ICP-MS, have generated a substantial body of literature on the trace element chemistry of pyrite from a wide range of different deposits [19] . Moreover, trace element mapping by LA-ICP-MS has enabled the correlation of trace element signatures with mineral textures at the micron-scale. Although widely used and trusted, LA-ICP-MS does have the relative disadvantage of sampling relatively large volumes of material (compared, for example, to electron probe microanalysis)-a trade-off with the generally excellent sensitivity of the technique. Thus, LA-ICP-MS data cannot readily distinguish between those elements contained within the mineral lattice and elements present as inclusions of discrete minerals when those inclusions are too small and/or homogeneously distributed to be seen using other methods. Studies have emerged in recent years (e.g., [20] [21] [22] ) showing, based on evidence from different minerals, that elements considered-or often taken for granted-as being lattice-bound in a given mineral, may actually occur in the form of included phases as fine particles (up to thousands of nm), or nanoparticles (<100 nm) that are only visible by using advanced transmission electron microscopy methods (e.g., [23] [24] [25] ).
The ease of data generation by LA-ICP-MS has also led to datasets becoming larger, necessitating more sophisticated statistical techniques to recognize and interrogate patterns within the data. Multivariate statistical analysis can significantly complement the conventional ways of looking at mineral chemistry data by identifying associations among elements and grouping geochemical analyses into meaningful and interpretable clusters. Such an approach is reproducible, quantitative and not subjective (e.g., [26] [27] [28] [29] ).
Many data analysis techniques require complete data sets. A common problem, and one that is exacerbated when applying multivariate statistics to large datasets, is how to adequately treat concentration data that fall below the minimum detection limit (mdl). In geochemical data analysis, it is common to replace mdl values with a fraction of that value, for instance one half of mdl, or a fixed value, e.g., the mean or median, however, this approach is to be avoided as it changes the relative variation structure in compositions [30, 31] , especially when the number of affected samples is a significant percentage of the total. The exclusion of such values is not recommended either, as it results in significant loss of valuable information and bias when estimating parameters like mean and/or median.
For these reasons, sensible imputation of left-censored data is a preferred option. For geochemical (i.e., compositional) data, there are several available imputation algorithms which include, but are not limited to, model-based methods like expectation-maximisation (EM) and multiplicative lognormal replacement algorithm [30] , as well as distance-based k-nearest neighbour where the information of the nearest complete observations is used to estimate the left-censored values [32] .
This contribution addresses the trace element chemistry of pyrite in the giant Olympic Dam Cu-U-Au-Ag deposit, South Australia [33] , the largest iron-oxide copper gold (IOCG) deposit on Earth. Published data for trace elements in pyrite from IOCG systems are relatively limited despite the fact that it is abundant and a potential host for metals of importance (e.g., [34] [35] [36] ). There are also only few published examples of multivariate statistical analyses applied to pyrite data (e.g., [37, 38] ), although the potential application of multivariate statistical methods to issues of acid mine drainage has been recently recognised [39] .
This study is significant in that it is based on a large suite of LA-ICP-MS analyses (almost 5000 analyses) of pyrite in relatively high-copper grade ores (>2% Cu) from across the deposit. Routine analysis of key minerals is undertaken by BHP Olympic Dam and this dataset was compiled from several individual batches acquired over a period of three years. Pyrite is the second most abundant sulphide in the Olympic Dam deposit, making up, on average, 0.46% of orebody (after chalcopyrite, 0.93%, and before bornite, 0.33% [33] ). Across the deposit, pyrite typically occurs alone or is replaced by chalcopyrite, at sizes ranging from relict pyrite no more than a few microns in size, replaced by chalcopyrite, to cm-sized euhedral cubes.
The research presented below carries two main objectives. Firstly, we determine which elements occur in pyrite, and what are their typical concentration levels and ranges. Although it is impossible to quantify the proportion of a given element within the mineral lattice or as inclusions of discrete minerals, statistical analysis (Principal Component Analysis, PCA) allows identification of groups of elements with strong correlation with one another that can be further discussed in terms of their physical state within pyrite. For example, elevated concentrations of chalcophile group elements (Ag, Pb, Bi, Te, Se) that show a correlation with Au but not with As are likely to be present as discrete tellurides rather than being directly incorporated in the crystal lattice. Such prediction of mineral inclusions is impossible with bivariate plots alone, or from down-hole time-resolved LA-ICP-MS spot analysis depth profiles, if the inclusions are sufficiently small. We go on to discuss the implications these data may have for understanding deportment models for elements of economic interest (e.g., Au, Ag), deleterious elements of concern that need monitoring in the processing circuit (such as As), and also diverse elements that are of interest with respect to longer-term recovery potential (e.g., Co, Te, and Se).
Secondly, the large size of our dataset allows us to demonstrate how the common practice of excluding a percentage of analytical data because they yield values below mdl for multiple trace elements (left-censored values) can impact on the overall results and the interpretations reached. Values below detection limit are almost always present in geochemical datasets-yet are often neglected, poorly understood, or inadequately interpreted.
Approach, Methods and Data Treatment

Data Acquisition
Although Olympic Dam pyrite displays considerable diversity with respect to petrography, mineral assemblage and texture [33] , acquisition of spot analyses for this study was intentionally done without recording pyrite textures. This approach was taken since choosing a particular location within a grain for a spot analysis can, often inadvertently, result in biased datasets which may include overand undersampled textural varieties, and implicitly, their geochemical attributes.
To ensure that pyrite grains were analysed blindly (i.e., without bias or pre-selection on the basis of ore textures or ease of microanalysis), analyses of 145 samples of sulphide-bearing diamond drill core samples, spatially located across the deposit, composited over 20 m-lengths (crushed/milled to 100% passing 1 mm) from Olympic Dam were considered. This implies that analysed pyrite grains can belong to any type of pyrite from anywhere in the deposit under the single constraint that they are from high-copper grade ores (>2% Cu). LA-ICP-MS spot analyses were acquired on randomly selected pyrite grains from these samples and analysed for a wide suite of elements. Due to the nature of the crushed/milled samples, there is no subjective bias in sample collection, thus making these data absolutely representative of pyrite in sulphide ores from Olympic Dam containing >2% Cu. A second advantage of using data acquired on crushed/milled drill core composites is the lack of intra-sample correlation, which is often the case for LA-ICP-MS data, where mineral grains derived from a single sample show highly similar chemistry (e.g., [35] ). A third advantage is the fact that the samples have been milled, thus reducing-though not completely avoiding the issue of obtaining representative data on strongly zoned grains by analysis only of clean (inclusion-free) domains.
All analysis was undertaken RESOlution-LR 193 nm ArF excimer laser with a large format S155 ablation cell (Laurin Technic Inc., Narrabundah, Australia), coupled to an Agilent 7500cs Quadrupole ICP-MS at the University of Tasmania, Hobart, Australia. Laser spot size varied from 19 to 33 µm. Isotopes measured were 27 Al, 34 S, 47 Ti, 55 Mn, 57 Fe, 59 Co, 60 Ni, 65 Cu, 66 The ca. 5000 spot analyses were collected in 28 batches. Ablation consisted of 20 s of gas background collection followed by 40 s of spot ablation. Calibration routines considered both primary reference materials, STDGL3 and STDGL2b2 [40] , depending on a particular batch, and the secondary GSD-1G (US Geological Survey) glass reference material. Standard measurements were performed at the beginning and at the end of each analysis round of~20 to 25 spot analyses. All the data reduction was performed in LADR 1.0.09 [41] . Iron was the internal calibration element and ideal stoichiometry was assumed.
Four Pb isotopes were measured in order to fingerprint radiogenic and natural Pb in pyrite. The deposit is uranium-bearing and a greater part of the lead in the deposit is the radiogenic product of uranium decay. Nevertheless, galena with a clear non-radiogenic signature is also noted [42] . For this reason, Pb 204 , Pb 206 , Pb 207 and Pb 208 were measured separately, with data calculated based on a 1595 Ma age. Below, the notation X Pb is used to refer to all four lead isotopes unless specified otherwise.
Data Quality Control, Trimming and Imputation
Each time-resolved LA-ICP-MS depth profile was carefully checked for the presence of contaminating phases, e.g., REE-and U-bearing minerals, hematite, or Cu-(Fe)-sulphides, all of which commonly occur as inclusions in pyrite at Olympic Dam. As a second step to improve data quality, all rows containing anomalous/extreme values for all elements (but especially Cu), were excluded to make the data representative of pyrite without admixtures of Cu-(Fe)-sulphides. The Cu threshold was defined as >5000 ppm.
Sulphur was not considered in the subsequent data analysis; likewise, Cd, Sb and Tl which displayed only a very small number of values above mdl. A range of elements that are not expected to be incorporated into the pyrite lattice were also excluded from the data: Al, Ce, Gd, Hf, Ta, Th, Y, Yb and Zr. Other elements, notably U, W and Mo, were also not included in the data. These elements, characteristically associated with each other, are attributable to nano-and microinclusions of hematite, the dominant gangue mineral at Olympic Dam [33] and often as U-W-Sn-Mo-bearing hematite [43, 44] . Nonetheless, when included into PCA, these elements strongly dominate the first principal component (PC1).
In order to investigate the effects of left-censored data on the statistical analyses and interpretation, the original dataset was trimmed to reduce the overall number of values that fall below the detection limit. Therefore, three datasets are considered further: a first comprising all 4926 spot analyses; and a second and third with 1501 and 525 analysis spots, respectively. The N = 4926 data contain 43% of left-censored values overall, with at least half the elements having >50% of left-censored cases ( Figure 1a ). The N = 1501 data were obtained by trimming the N = 4926 dataset on the condition of retaining only those analyses that have less than six left-censored values per analysis (i.e., per row) resulting in a new sub-set that contains only 23% of left-censored cases overall ( Figure 1b ). Finally, the N = 525 data were obtained based on the condition of only retaining analyses that have three or less left-censored values per row-giving a still smaller subset with an overall of 12% of data being left-censored ( Figure 1c ). Such consecutive trimming results in the smaller datasets having more complete analyses-but, implicitly, slightly higher overall concentrations for all analysed elements. having more complete analyses-but, implicitly, slightly higher overall concentrations for all analysed elements. The imputation of left-censored data was done for each of the three datasets individually using multiplicative lognormal replacement from the R package 'zCompositions' [31] . We also attempted to employ an expectation-maximisation algorithm from the same package, a method that imputes values based on analyses without left-censored data. The algorithm did not produce the expected replacements due to the large amount of such values in the complete (N = 4926) dataset. The outcome of multiplicative lognormal replacement was assessed via quantile-quantile and bivariate plots to assess the appropriateness of the replacement. An example of such assessment and comparison with deterministic imputation strategies (i.e., taking absolute mdl values, or replacing by a half and median) is given in Figure 2 . The imputation of left-censored data was done for each of the three datasets individually using multiplicative lognormal replacement from the R package 'zCompositions' [31] . We also attempted to employ an expectation-maximisation algorithm from the same package, a method that imputes values based on analyses without left-censored data. The algorithm did not produce the expected replacements due to the large amount of such values in the complete (N = 4926) dataset. The outcome of multiplicative lognormal replacement was assessed via quantile-quantile and bivariate plots to assess the appropriateness of the replacement. An example of such assessment and comparison with deterministic imputation strategies (i.e., taking absolute mdl values, or replacing by a half and median) is given in Figure 2 . Quantile-quantile plots of Sn and bivariate plots of log-transformed Sn versus Ti in ppm from the N = 1501 dataset illustrating the effect of (a) taking absolute values of the detection limit, (b) division of a detection limit value by two, (c) fixed value imputation, e.g., median (calculated from the imputed dataset) and (d) multiplicative lognormal replacement. Note the similarity between b and d and the narrower range of imputed Sn values for d. Note that fixed value imputation results in asymmetric Sn distribution.
Multivariate Analyses
Multivariate statistical analyses were applied to each of the three datasets using the compositional data approach [45, 46] . The techniques used included Principal Component Analysis (PCA) applied to the centred log-ratio(clr)-transformed data; k-means clustering applied to the isometric log-ratio(ilr)-transformed data, and hierarchical cluster dendrogram obtained from the Aitchison variation matrix generated for each of the thee datasets [46] . Additionally, multiple linear regression was fitted to obtain the quantitative relationships of Au to all the other elements.
Both clr-and ilr-transformations were performed using the R package 'compositions' [47] . The ilr transformation [48, 49] was performed for each dataset using the R 'balanceBase()' function, which employed sequential binary partitioning of the D-part composition following the D-1 steps, whereas the steps of partitioning corresponded to the splits of the corresponding hierarchical dendrogram (Supplementary Material A; Tables S1-S3). The necessity of data transformations and Aitchison variation matrix is justified by the specific properties of geochemical data which only carry relative information and sums up to a given constant, for instance, 100 wt.% or one million ppm [45] . Although trace element data accounts for a small percentage of the bulk composition and a log-ratio vector of trace element concentrations [ ln , ln , … , ln ] may be close to [ln( , , … , )]
Figure 2.
Quantile-quantile plots of Sn and bivariate plots of log-transformed Sn versus Ti in ppm from the N = 1501 dataset illustrating the effect of (a) taking absolute values of the detection limit, (b) division of a detection limit value by two, (c) fixed value imputation, e.g., median (calculated from the imputed dataset) and (d) multiplicative lognormal replacement. Note the similarity between b and d and the narrower range of imputed Sn values for d. Note that fixed value imputation results in asymmetric Sn distribution.
Multivariate Analyses
Both clr-and ilr-transformations were performed using the R package 'compositions' [47] . The ilr transformation [48, 49] was performed for each dataset using the R 'balanceBase()' function, which employed sequential binary partitioning of the D-part composition following the D-1 steps, whereas the steps of partitioning corresponded to the splits of the corresponding hierarchical dendrogram (Supplementary Material A; Tables S1-S3). The necessity of data transformations and Aitchison variation matrix is justified by the specific properties of geochemical data which only carry relative information and sums up to a given constant, for instance, 100 wt.% or one million ppm [45] . Although trace element data accounts for a small percentage of the bulk composition and a log-ratio vector of trace element concentrations ln [50] , the statistical analyses with log-transformed and raw data was avoided. This is because the PCA applied to the log-transformed data results in spurious patterns on biplots (e.g., [42, 51] ). However, visualisation of distributions for specific elements was done using boxplots applied to log-transformed concentrations.
The co-dependence between all possible pairs of elements will be investigated by using an Aitchison variation matrix (T), where the components of this D × D variation matrix are the variances of the log-ratios of all the possible pairs of elements, with i, j = 1, . . . , D and τ ij obtained by
Such variation matrix is used as a measure of similarity within elements for the hierarchical clustering algorithm. The results are presented as a dendrogram, reflecting the associations and geochemical affinities or dissimilarity among the groups of elements in a large dataset.
Under the compositional approach, both PCA and k-means clustering are efficient at underpinning element associations as groups, and clusters, i.e., analyses characterised by similar chemistry. These statistical analyses are often used for orebody characterisation and geochemical domaining [52] , but the same methods are transferrable to LA-ICP-MS datasets. The k-means clustering is a versatile and simple iterative algorithm that aims at partitioning geochemical analyses into k predefined clusters. It is used for detecting groups of analyses within multivariate space which are not observable on bivariate plots. The optimal number of k can be found via applying k-means clustering a range of k values to data, and assessing the sum of squared errors versus a given range of k ('elbow' method).
Clustering results obtained with a user-defined number of k are further assessed for reproducibility of clusters and overall similarity of analyses within the clusters. For considered datasets, k was chosen as three due to the high reproducibility of these clusters >0.86 (Supplementary Material A; Figures S1-S3). Principal component analysis significantly complements k-means as it finds the maximum variability within the data by reducing dimensionality, resulting in a linear combination of elements as principal components (PCs). Given that principal components are orthogonal, they are applicable as meaningful petrological tools, e.g., recognition of different geochemical patterns allows underpinning mineralisation/alteration and host rock signatures [27, 28] . The PCA was performed using singular value decomposition and a biplot was used for graphical representation of the PC loadings and scores [53] . The PC scores are calculated as the linear combinations of the original variables such that the variance of the first PCs is maximal, thus the first two PCs represent the majority of variance. The PC loadings represent associations among elements therefore displaying multi-element associations within the geochemical dataset.
Finally, multiple linear regression of a response variable log(Au) onto ilr-coordinates of the remaining elements was fitted into each dataset using the least squares method in the 'lmCoDaX()' function from the package 'robCompositions' [54] . This approach assumed that log(Au) is a real non-compositional response. For comparison purposes, two types of regressions were considered, classical and robust, as the latter is less affected by the presence of outliers. The purpose of regression models was to quantitatively assess the strength of relationship between Au and other elements.
Results
Summary of Trace Element Signatures in Pyrite
Although the use of standard descriptive characteristics like arithmetic mean, variance, or covariance are not appropriate for compositional data due to their scale invariance principle [55] , we report the summary statistics as minimum, geometric mean, median and maximum to give an idea of the ranges of the concentrations within pyrite. Extended summary tables containing the above-mentioned parameters and additional arithmetic mean and standard deviation calculated for each dataset and cluster are given in Supplementary Material B. As expected, the mean/median and geometric mean increase as the number of censored values decreases in datasets. Table 1 contains the ranges of concentrations with the corresponding geometric mean and median values for the N = 1501 dataset. Overall, the elements with the highest median concentrations and maximum values are the ones which are regularly present above mdl: Co (median~640 ppm), Ni (median~70 ppm) and Se (median~130 ppm). Their maximum values can reach up to~4.5 wt.%, 0.4 wt.% and 0.1 wt.%, respectively (Table 1) . Although Co and Ni do not have outliers in the upper tail of their distribution (Figures 3e, 4e and 5e), both elements have very variable concentrations, as shown by the large interquartile ranges and the presence of numerous outliers in the lower tail (Figures 3e, 4e and 5e). In contrast, Se varies the least among all the elements (e.g., Figure 4e ). Arsenic has a median of~25 ppm and only reaches up to 0.85 wt.% in pyrite. Copper has a relatively low median value of 2.74 ppm, however the maximum value is three orders of magnitude higher (0.5 wt.%). Zinc, Mn and Ti show fairly similar medians of 0.54, 0.38 and 0.43 ppm, respectively, whereas Mn has the largest maximum of~800 ppm and a significant number of positive outliers in the upper tail (e.g., Figure 4e ). Similar patterns are observed for Sn (median 0.045 ppm) and Ag (median 0.022 ppm). Gold and Re are the two elements with the lowest concentrations in pyrite. Gold is below mdl in~70% of the cases (in N = 4926 data) and shows a median of only 0.005 ppm and a maximum value of~15 ppm (Table 1) . Rhenium concentrations are very low with a median of~0.01 ppm, however it is above mdl in nearly 70% of analyses. 
Principal Component Analysis, K-Means Clustering and Dendrogram
The results of statistical analyses obtained from the N = 4926 dataset ( Figure 3 ) are slightly different to those from both the N = 1501 ( Figure 4 ) and N = 525 ( Figure 5 ) datasets which demonstrate more similarities with respect to the groupings of elements on their PCA loadings and respective dendrograms. The obtained dendrograms from the trimmed data highlight a group of Ag-Bi-Pb-Au-Cu (Figures 4  and 5d ). Despite the presence of many left-censored values within the N = 4926 dataset, the PC1 in all three datasets are dominated by the Bi-X Pb-Ag signature, thus being the predominant feature of Olympic Dam pyrite.
However, as the trimmed datasets have fewer left-censored values, the groups on dendrograms and association of elements loading onto PC1 slightly change. In the N = 1501 and N = 525 datasets, the PC1 is dominated by all four Pb isotopes with Ag, Bi, Cu and minor Au loadings (Figure 4a,d and Figure 5a,d) . In contrast, in the N = 4926 data, Bi is associated with 206 Pb, 207 Pb and 208 Pb while 204 Pb plots separately (Figure 3a,d) . Another shared feature across the trimmed versions of the data is Ni, showing the highest disproportionality, i.e., least correlation with Bi, Ag, Au and Cu (e.g., τ NiBi = 11.5; τ NiAg = 10.6; τ NiAu = 9.9; Table 3 ), as well as 206 Pb, 207 Pb and 208 Pb. Cobalt is also always uncorrelated with Bi (e.g., τ CoBi = 10.0; Table 3 ). Additional patterns are shown in trimmed data (N = 1501 and N = 525), where Co, Ni as well as Re show negative association with 206 Pb, 207 Pb and 208 Pb and Ag. Such dissociation demonstrates Ni-Co being another dominant feature of Olympic Dam pyrite, as both are having the highest loadings onto PC1, thus opposing the Ag-Bi-X Pb-Cu-Au group.
Although displaying less information than PC1, the PC2-PC3 projection represents a total of 18% of the data variability and shows different geochemical associations which are valid although not captured by the dendrograms or variation matrices. The dominant characteristic of PC2-PC3 projection is the dissociation between Ni and Co, which plot on the opposite sites of the loading plot in the original and all trimmed datasets (Figures 3b, 4b and 5b ). Given that both elements are constantly present above their respective detection limits, it may be concluded that such Ni-Co dissociation reflects characteristic pyrite signatures, i.e., zonation patterns that are characterised by either intra-grain oscillatory zoning at a scale larger that the spot size used for LA-ICP-MS analysis, or selective (re)mobilisation of Co relative to Ni.
Two other important associations of the PC2-PC3 projection include the four Pb isotopes, 204 Pb, 206 Pb, 207 Pb and 208 Pb, which group together with Re and Se. Whereas the X Pb-Re-Se association typifies a molybdenite-Pb-chalcogenide signature, Co and As are likely to occur in the pyrite crystal lattice. Interestingly, As is not associated with Au in PC1-PC2; there is, however, a slight correlation in the PC2-PC3 projection.
The most highly correlated τ ij values correspond to, as expected, the Pb isotopes (Tables 2-4 ). In the untrimmed data, 204 Pb shows the higher proportionality with Sn (τ 204PbSn = 1.4) and Ag (τ 204PbAg = 1.8) compared to the other Pb isotopes. However, the relationships among Pb isotopes change markedly in the trimmed data, where all four X Pb become strongly correlated. In the original data, there is a very strong proportionality between Ti-Se, Ti-Sn and Sn-Mn (τ TiSe = 1.1, τ TiSn = 1.1, τ SnMn = 1.1; Table 2 ) which is likely to be real as such a relationship is preserved in the trimmed data (Tables 3 and 4 ). Other consistently high correlations are attributed to Se which shows relationships with As and also with Re (τ SeAs = 2.8; τ SeRe = 2.7; Table 3 ) and Co which shows the highest correlation with Se and As (e.g., τ CoSe = 4.2; τ CoAs = 4.1; Table 3 ). In all the data, Au shows more correlation with Ag than with As (e.g., τ AuAg = 4.6; τ AuAs = 5.6 in Table 3 ; Tables 2-4 ). The k-means clustering was performed for each dataset individually using the dendrogram knots to derive ilr-coordinates. Because of that, the clusters are not directly comparable across three datasets, although the Cluster 3 dominated by Ag-Bi-X Pb signature, is the only one that is consistently present across all the data despite the left-censored values (Figure 3c Table S4 ) than in Cluster 1 (median = 4.4 ppm). Given that both Ni and Co are measured above mdl, the clustering strongly supports their different distribution in the analysed pyrite. The inverse positioning of Ni and Co on PC2-PC3 projection also confirms a wide range of Co/Ni ratios present within the data (e.g., Co/Ni ratio medians: Cluster 1-100; Cluster 2-2; Cluster 3-14; Supplementary Material B) .
The results of k-means clustering of the trimmed datasets are, however, less interpretable. In both cases, the geochemical clusters are defined by the concentrations of Ag-Bi-X Pb-Cu with Cluster 3 being the highest and Clusters 1 and 2 having consequently smaller values of these elements. Similarly, there is no obvious distinction among Clusters 1 and 2 in the trimmed data apart from the decrease in the concentration of Ag-Bi-X Pb-Cu with Cluster 2 having the lowest values (Figures 4 and 5e ). Table 5 shows the result of robust multiple linear regression of log(Au) onto the ilr-coordinates of seventeen elements in the form of the output of R routine linear model. The columns correspond to the estimated regression parameters (Estimate), their standard errors (Std. Error), t statistics obtained as parameter estimates divided by their standard errors (t value) and the p-values (Pr(>|t|)). The complete results of classic and robust regressions fitted into each of the datasets are given in Supplementary Material C. All fitted models were significant; however, they demonstrate adjusted R-squared values from 0.3 to 0.5, which is in accordance with highly variable data obtained via random spot analysis of pyrite grains. Table 5 . Results from robust multiple regression of the log(Au) for the ilr-coordinates of the remaining 17 elements in N = 1501 dataset. The extended results of classic and robust regressions fitted to the three datasets are in Supplementary Material C. Throughout the original and trimmed datasets, Ag is consistently the best predictor for Au with the largest positive coefficient and t statistics ( Table 5 ), suggesting that an increase in the Ag concentration within pyrite is always associated with increase in that of Au. Selenium is also a significant predictor of Au, however, in this case the coefficients are negative (e.g., estimate −0.33; Table 5 ), inferring an inverse relationship between Se and Au. Overall, Ag, Te and Bi are three elements that are good predictors of Au. Interestingly, 204 Pb and 206 Pb were assigned as significant predictors for Au in the N = 4926 and N = 1501 datasets, although 204 Pb exhibited a positive, and 206 Pb having a negative coefficient. However, none of the Pb isotopes were significant for Au prediction in the smaller (N = 525) dataset.
Multiple Linear Regression
Intercept
Arsenic and Ni are not important for Au prediction, whereas Co appears to be slightly significant with a negative coefficient in a few models (e.g., Table 5 ).
Discussion
Trace Element Signature of Pyrite: Prediction and Bias for Complex Sulphide Ores
As part of complex sulphide ore assemblages at Olympic Dam, pyrite is characterised by the presence of several trace elements of current or potential economic and/or metallurgical importance. Despite the intricate, grain-scale intergrowths between pyrite with chalcopyrite, three elements, As, Co, and Se, well known to be bound within the pyrite lattice at concentrations up to wt.% levels, give generally flat signals on the time-resolved LA-ICP-MS downhole profiles and have nearly overlapping mean and median values and are therefore not discriminative of any cluster (Supplementary Material  B) . The three elements, and to a lesser extent, also Te, are commonly present in pyrite from a variety of hydrothermal environments [56] , including in IOCG deposits, as shown here for Olympic Dam, or known from Ernest Henry [34] . The two associations, Au-Co-As and Ag-Au, depicted by PC2 show element groups that could be lattice-bound but, intriguingly, may equally occur as fine particles and/or NPs. Indeed, Au-Ag-NPs have been reported from arsenic-free pyrite elsewhere and may be more common than presently known [24] .
Pyrite is clearly an important host for Co at Olympic Dam. An understanding of the deportment of Co, an element recognised as characteristically enriched in IOCG systems relative to other magmatic-hydrothermal ore types [57] , is important as this element represents both a potential target for future recovery but also because Co concentrations within copper concentrates need to be kept within acceptable limits. Even though carrollite and cobaltite inclusions in pyrite are known at Olympic Dam [33] , the lack of significant large outliers in the Co concentration data for pyrite, together with the relatively stable Co signal on the LA-ICP-MS depth profiles strongly supports that it is exclusively lattice-bound. The variation in Co signal intensity observed in some depth profiles is readily attributed to the marked grain-scale zoning with respect to this element.
The same applies to Ni, although at concentrations which are appreciable lower. Interestingly, among all elements, Ni shows the greatest disproportionality, i.e., the least correlation with Bi, Ag, Au and Cu-inferring that Ni-rich bands are relatively depleted in these elements. The low Ni content gives a typical Co/Ni ratio of around 10. One interpretation of the very high Co/Ni ratio in Cluster 1 (median~100; Supplementary Material B; Table S4 ), would be that pyrite assigned to this cluster contains individual Co-bearing mineral inclusions. Alternatively, and our preferred interpretation, is to attribute this to independent zoning patterns at the grain-scale, an argument also supported by their limited association (Figures 3b, 4b and 5b ). It should be noted that the overall lack of correlation between Co and Ni at the scale of single mineral grain contrasts markedly with whole-rock data from Olympic Dam, in which Ni and Co correlate spatially, and together define the pyrite-chalcopyrite zone (in which the greater part of the pyrite occurs; [33] ). Comparably wide ranges of Co/Ni are described from other IOCG and related systems [36, 58] .
The remarkably constant concentrations of Se (typically~100-150 ppm; Supplementary Material B) are taken as indicating a lack of grain-scale zoning and homogenisation during any recrystallisation. Although reasonably homogenous across the clusters, As concentrations in pyrite, albeit at generally low absolute concentrations, show subtle variation suggesting grain-scale zoning, at least at the scale of the LA-ICP-MS spot analysis. Sub-micron scale compositional zoning is also most likely present within the analysed pyrite. There is a correlation between As and Co(-Ni) grains; although grain-scale zoning may not be coincident, those grains which are zoned with respect to one element are typically also zoned with respect to the other.
Despite the low average concentrations,~25 ppm As (median of the N = 1501 dataset) in Olympic Dam pyrite, it is potentially the second largest host for As in the deposit after hematite [44] , considering its proportion in the ore. The data presented here show that although pyrite contains measurable gold, average contents are negligible, thus inferring that Olympic Dam pyrite is not 'arsenian' and that invisible gold in pyrite is not commonplace within the deposit. This is concordant with the well-documented occurrence of gold as native gold, electrum and less commonly, Au-Ag-tellurides throughout the deposit [33] . Invisible gold defined by the 'Au incorporation via As' paradigm cannot, however, be dismissed since the data show that a minority of pyrite grains analysed do contain Au-at noteworthy concentrations of maximum of 14 ppm (at the scale of the LA-ICP-MS crater) and furthermore that such pyrite is As-bearing. However, this type of 'invisible' gold is represented by a small proportion of Au since As is not a significant predictor for Au concentrations (Table 5 ; Supplementary Material C). The loading of Au in all three plots of PC1s plots perpendicular to As and to Bi-Ag-Pb, suggesting that PC1 predicts other possible host phases for Au, tellurides and electrum as nanoparticles/'invisible' Au.
A key characteristic of Olympic Dam pyrite is thus the prediction of tellurides of Ag-Au, Bi-Pb, Ag-Bi and Pb. Tellurium is distributed nearly equally across all the defined pyrite clusters (Figures 3e, 4e and 5e; Supplementary Material B), and never plots together with the Ag-Bi-Pb-(Au) signature. We can infer that Te occurs within the pyrite lattice, presumably at low concentration levels but forms telluride phases where present at higher concentrations. Despite the fact that Te is assigned to a distinct group from Ag-B-Pb-(Au) association, it might be concluded that Te forms Bi-Ag-Pb-(Au) telluride phases. The latter is also supported by Te being one of the most significant predictors of Au concentrations ( Table 5 ; Supplementary Material C). Based on results of multiple linear regression analysis, electrum is one of the major hosts for Au, consistent with studies of gold mineralogy at Olympic Dam [33] . In addition, association of Au with telluride NPs, either Ag-Bi or Bi-Pb can be inferred as seen elsewhere [24] . Therefore, the idea that 'invisible Au' in pyrite is tied to As concentrations may be a bias of conducting analyses on pre-selected As-bearing pyrite grains.
Trapping of Trace Elements during Ore Overprinting
Sulphide ores in IOCG deposits, and particularly at Olympic Dam, can be also intimately associated with U-minerals [59] [60] [61] and Pb-minerals formed from the radiogenic decay and subsequent migration of U. Lead is an element not commonly incorporated within the pyrite lattice. At Olympic Dam and other IOCG systems in the same ore province, Pb has been shown to be partly non-radiogenic and partly radiogenic, introduced at the time of deposit formation and as a result of the decay of uranium, respectively [42, 62] . Fractures within pyrite, as in other sulphides, can act as suitable traps for remobilised Pb to combine with available S, Se, and Te to form nanoparticulate galena, clausthalite [63] and altaite, and sometimes also anglesite. Upon healing and recrystallisation, these sub-micron-to nanoscale Pb-phases become effectively included within pyrite, or as preserved as linear Pb-bearing features within the grains that are observable by nanoSIMS isotope mapping [64, 65] . The occurrence of such features likely indicates the role of trace element remobilisation and formation of inclusions during pyrite recrystallisation. Pyrite, a refractory mineral, is also likely to have acted as a physical trap for remobilised Ag, Bi, Pb and Te, which subsequently can form Ag-(Au)-tellurides, Bi-(Pb)-Ag-chalcogenides and other species.
Ores of the Olympic Dam deposit display evidence for multi-stage overprinting [33, 43, 44, [59] [60] [61] 66] . This has been observed for several mineral groups and is often expressed by the release of minor/trace impurities to form the same mineral with modified trace element signature and growth textures (e.g., hematite, uraninite), or formation of new minerals in close proximity to the parent phase. Ample evidence shows that sulphide minerals did not escape replacement, local-scale remobilisation and recrystallisation [60] , even though key primary features are retained in Cu-Fe sulphides [67] . Pyrite, like hematite and uraninite, is better suited to retain signatures of the multi-stage overprint. There is also evidence for pseudomorphic replacement (coupled dissolution-reprecipitation reactions; CDRR) retained by ore minerals from the Olympic Dam deposit [43, 44, 59] . Often, as seen for both oxides and sulphides, CDR-assisted replacement results in precipitation of new minerals in close spatial association with the replaced parent phase (e.g., sub-micron-scale molybdenite, scheelite, or uraninite NPs adjacent to replaced U-W-Sn-Mo-bearing hematite [43, 44, 68] .
PC2 features high loadings of Sn, predicting inclusions of cassiterite in many of the analysed pyrites. Other elements expected to be present as inclusions are Cu (chalcopyrite), Zn (sphalerite), and Ti (rutile). Concentrations of the contaminant heavy metals Tl and Hg in Olympic Dam pyrite are insignificantly low. The prediction of such a diverse range of inclusions within pyrite may relate to the complex reworking of primary zoning patterns in pyrite which results in the formation of an eclectic range of mineral phases that could range in size from a few microns down to true nanoparticles. Such an interpretation is consistent with the small grain size and assemblage complexity of ores at Olympic Dam [33] .
Impact of Left-Censored Data on the Interpretation of Statistical Analyses: Artefacts and False Interpretations
Replacement of mdl values by a fixed value, or alternatively, taking the absolute values of detection limits, are likely to impact most statistical inference (Figure 2a,c) . Multiple imputation is the most reliable method to deal with left-censored data, however taking a notional 'half the mdl value' for LA-ICP-MS datasets also gives visually plausible distributions of individual analyses (Figure 2b,d) . We have, however, not investigated the effect of the latter on the results of statistical analyses due to our preferred adoption of quantitative imputation.
The consequent reduction of left-censored values within the data allows changes in the geochemical clusters, element groups and the strength of relationships between elements (e.g., between Au and associated elements), to be systematically tracked. The prediction of log(Au) concentration using the elements from the original N = 4926 dataset are likely dubious (Supplementary Material C; Table S7 ) due to the significant percentage of left-censored values-and amply illustrated by the hard-to-interpret dendrogram and PC1-PC2-PC3 projection (Figure 3a-d) . The prediction of log(Au), obtained model coefficients and significance of predictors is questionable because the vast majority of elements, including those which would never be expected to correlate with Au (e.g., Zn or Ti), appeared as statistically significant, thus overestimating the strength of the relationship between Au and other elements in the N = 4926 dataset. On the other hand, a group of elements Ag, Se, Te, Bi, Re, 204 Pb appear as significant predictors for log(Au) in both trimmed datasets (N = 1501 and N = 525), as well as in the original dataset, providing affirmation of the robustness of both types of multiple linear regressions (Supplementary Material C; Tables S8 and S9) and the genuine geochemical ties between Au and these elements. Similarly, throughout the statistical analyses, an association of Ag-Bi-X Pb as Cluster 3 is recognised despite the data being incomplete (Figure 3a Despite the dubious predictions of Au using the original data, the N = 4926 dataset contains features that progressively disappear as the total number of analyses is reduced. Most importantly, the original dataset shows an inverse relationship between Ni and Co in Olympic Dam pyrite, elements which dominate the PC2 (Figure 3a) , and likely indicates intra-grain heterogeneity in which absolute concentrations range over 2-3 orders of magnitude. K-means clustering applied to the original data revealed Cluster 1 which is specifically characterised by domains featuring very high Co/Ni ratios of 100 (Supplementary Material B) . Neither is this geochemical clustering, nor such a significant inverse Co-Ni relationship, identified from the k-means clustering of trimmed datasets. Moreover, within the trimmed data, the geochemical meaning of Clusters 1 and 2 is fundamentally changed.
Overall, the presence of a large percentage of left-censored data is shown to impact the results of statistical analysis and may consequently influence any interpretations drawn. The sequential trimming of data volume results in some of these features being dismissed as artefacts but also enables certain relationships among elements to be verified, thus allowing meaningful interpretations to be made.
Implications and Significance
One of the main implications of this study lies in the demonstration of how reduction of the left-censored data alters the results of statistical analyses, suggesting that a careful approach should be taken when trimming datasets. Possible pitfalls, like overestimation of dependence among variables, or overlooking the significant relationship among variables, should be avoided.
Mineral chemistry studies on pyrite from IOCG deposits are limited despite the abundance of pyrite in these deposits, the ability of pyrite to scavenge metals and metalloids, and its refractory character allowing discrimination between different mineralisation events. Another contribution of this work lies in the quantitative data analysis of trace element signatures in pyrite from Olympic Dam. Multivariate statistical analyses, when considering such a large multi-element dataset, allows inferences to be made about the role of inclusion versus lattice-bound trace elements, and where suspected, the identity of those inclusions. One example is the Ag-Bi-Pb-(Au) trace element signature in pyrite and prediction of various telluride species and electrum as inclusions. Although the proportion of Au attributed to inclusions of electrum versus tellurides in pyrite is not directly quantifiable, the prediction of Au-bearing phases is not possible from bivariate scatterplots alone.
Further work, however, would require nanoscale characterisation of Au-(As)-bearing pyrite which will allow improved discrimination of nanoparticle populations and interpretation of their formation from lattice-bound elements or by other mechanisms.
Conclusions
This study, carried out blind without preselection of pyrite grains by texture, shows that multivariate statistical analysis can enable prediction but also expose bias and artefacts when defining trace element signatures in minerals from complex sulphide ores. The combination of multivariate statistical analyses shows that Olympic Dam pyrite is characterised by: (i) a Ag-Bi-Pb signature predicting inclusions of tellurides (as PC1); and (ii) highly variable Co-Ni ratios likely representing an oscillatory zonation pattern in pyrite (as PC2). Pyrite is a major host for As, Co and probably also Ni. The three elements do not correlate well at the grain-scale, indicating high variability in zonation patterns. Arsenic is not a good predictor for invisible Au at Olympic Dam. Most pyrites contain only negligible Au, suggesting that invisible gold is not commonplace within the deposit. The data clearly show, however, that a small minority of pyrite grains analysed do contain Au-at noteworthy concentrations of tens and even hundreds of ppm, and moreover that this gold is correlated with Ag, Bi, Pb and Te. Such information is valuable for geometallurgical modelling and for derivation of qualitative deportment models of elements of interest.
The treatment of <mdl values in large datasets with abundant left-censored data is critical, especially given the fact how replacement by an absolute or fixed value, i.e., median, can skew the data. The trimming of datasets with left-censored values should be done with caution as it potentially may result in overly large and erroneous correlations or dilution of those due to the significant reduction of analyses. The number of mdl values impacts on the outcome of statistical analyses and replacement of <mdl values using multiple imputation is advised.
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